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Abstract
Building ontologies is a crucial part of the semantic web endeavour. In recent years, research interest has grown rapidly in supporting
languages such as Arabic in NLP in general but there has been very little research on medical ontologies for Arabic. We present a new
Arabic ontology in the infectious disease domain to support various important applications including the monitoring of infectious disease
spread via social media. This ontology meaningfully integrates the scientific vocabularies of infectious diseases with their informal
equivalents. We use ontology learning strategies with manual checking to build the ontology. We applied three statistical methods for
term extraction from selected Arabic infectious diseases articles: TF-IDF, C-value, and YAKE. We also conducted a study, by consulting
around 100 individuals, to discover the informal terms related to infectious diseases in Arabic. In future work, we will automatically
extract the relations for infectious disease concepts but for now these are manually created. We report two complementary experiments
to evaluate the ontology. First, a quantitative evaluation of the term extraction results and an additional qualitative evaluation by a
domain expert.
Keywords: Arabic, infectious disease, NLP, Ontology
1. Introduction
Ontologies are formal representations of concepts and
their relationships in machine readable form. Ontologies
can be built manually, semi-automatically or automat-
ically. Generally, they fall into two categories: Upper
level Ontology and Domain Ontology. There are many
existing ontologies in English and other languages but for
Arabic there has been little recent research. Developing
ontologies from Arabic text is a difficult process due to
the lack of existing resources and the nature of the Arabic
language which has complex grammatical, morphologi-
cal and semantic aspects. Existing NLP algorithms for
other languages cannot simply be applied directly on
Arabic. In addition, the Arabic language has many dialects
which may complicate ambiguities for computational
understanding of the meaning of the words and reduce the
accuracy of tools created only for Modern Standard Arabic.
In this paper, we present a new Arabic Ontology from
the infectious disease domain. The overall goal of this
ontology is to be a key source of information related to
infectious diseases in Arabic. We envisage that it can be
used for many important applications in academia and the
real world including Question Answering on the Semantic
Web (AlAgha and Abu-Taha, 2015) and, in particular in
our case, for online monitoring of health events (Collier et
al., 2010).
The rest of paper is organised as follows. Section 2 cov-
ers related background work. Section 3 explains the re-
quirement for an Infectious Disease Ontology in Arabic.
The Ontology Engineering process includes Ontology Ar-
chitecture, Data Gathering, Pre-processing, Term Extrac-
tion, Finding Synonyms, Adding informal Terms, Obtain-
ing Concepts, and Defining and Updating Relations discuss
in Section 4. Section 5 clarifies the Ontology Implemen-
tation. Two types of ontology evaluation are performed in
Section 6. Section 7 states conclusions and further work.
2. Related Work
One critical obstacle facing Arabic Ontology construction
is the fact that there is no standard upper-level Ontology to
act as a foundation from which to build and this causes a
severe lack of coherence and consistency among the Arabic
Ontologies. Most of the previous experiments in this field
have structured the ontologies either fully manually or
partially manually which leads to issues of high cost and a
requirement for significant investment of time (Al-Zoghby
et al., 2018).
In the case of building an ontology in the Arabic language
there is some previous work related to specific topics such
as the Islamic domain, Computing domain, News domain,
and Legal domain (Al-Zoghby et al., 2018). Raisan and
Abdullah (2017) implemented an ontology in the Arabic
language related to the Iraqi News domain. They used a
manual ontology development strategy to build the schema.
A study by Albukhitan and Helmy (2013) produced an
automatic ontology based annotation of Arabic Web
resources related to food, nutrition and health domains. It
used linguistic patterns to discover relevant relationships
between the named entities in the Arabic Web resources.
Al-Safadi et al. (2011) presented a model for representing
Arabic knowledge in the Computer Technology domain
using ontologies. They stressed the importance of under-
standing the goal of the ontology and its end users during
the development of the ontology. The study in (AlAgha
and Abu-Taha, 2015) built an Arabic natural language
interface to ontologies and RDF data (AR2SPARQL) by
translating the user query to RDF triple patterns. The
study applied Arabic NLP techniques to link query terms
to ontological entities, then used a set of grammar rules in
the ontology to structure a SPARQL query by joining the
ontological entities.
On the other hand, there are many studies related to
Latin-character-set-based language ontologies in multiple
topic areas. Here we focus only on the previous work
related to the infectious disease domain. Cowell and Smith
(2010) reviewed the vocabulary resources relevant to the
infectious disease domain and emphasised that they are
lacking in terms of their support of translational medicine
and computational applications. The study in (Schriml et
al., 2011) generated a disease ontology including 8,043
human diseases with the goal of providing consistent,
sustainable, and reusable descriptions of human disease
terms.
The BioCaster project is a multilingual ontology that
aims to describe the terms and relations necessary to
detect at an early stage public health events in the grey
literature, which is information or research that has been
published in a non-commercial way, (Collier et al., 2010).
It supports 12 languages including Arabic, but employs
a translation-based method that may potentially produce
incorrect words. In other words, some diseases produce
another meaning after translation due to the complexity of
the disease name. For example, the disease ( AK
A j Ë@ H. Aî DË

@)
which means Meningitis may be translated to Schizophre-
nia which is not correct. Moreover, using the abbreviations
in English affect the results such as MARSA, which is
Methicillin resistant Staphylococcus aureus, and cannot be
translated directly with out the full meaning.
Critically, none of the above studies have developed an in-
fectious disease ontology in the Arabic language. More-
over, the existing infectious disease ontologies in other lan-
guages were constructed with only formal language input.
Therefore, the common problems include concepts having
different surface forms between formal and informal vari-
ants, or professional and non-professional descriptions of
disease terminology and symptoms, and Arabic dialect de-
tection in non-standard settings.
3. Understanding the Needs of an Infectious
Disease Ontology in Arabic
The Arabic infectious disease ontology that we wish to cre-
ate is classified as a domain ontology, wherein the concepts
and relationships belong to a specific domain, in our case
infectious disease. In other words, it decreases the potential
confusion of terms between users who share different kinds
of information that relate to this domain (Al-Zoghby et
al., 2018). Recently, ontologies have proved to be an
effective approach to support data annotation to process
data and information automatically. BioCaster is a notable
example for using ontologies in detecting and tracking
infectious disease (Cowell and Smith, 2010). Moreover,
it has many advantages in data analysis of automated
reasoning applications and high-throughput technologies
such as clinical decision support, biomedical research,
biosurveillance applications, and analysing microarray
data tools. These benefits led to increasing attention on
developing vocabularies and reasoning algorithms that
are used in ontologies (Cowell and Smith, 2010). As
a result, we have conducted experiments to understand
what needs to be done to improve the strictness and the
structure of ontologies that are effective in supporting
the computational reasoning, analysis and monitoring of
infectious disease.
The large scale survey conducted by Joshi et al. (2019) sug-
gested that there is need to improve the quality of the epi-
demic intelligence by the mitigation of false information.
The survey also highlighted that it is important to include
informal text such as social media in the medical ontologies
which contain scientific and technical terms. Slang terms,
which are the informal language used by the general public,
pervade the language of social media since there are lower
expectations of formality in such writing and the expres-
sions of emotions are more frequent (Soliman et al., 2014).
Using slang terms especially in the medical domain has the
potential to cause health issues when a misunderstanding
occurs. For example, the word ( 	àC

J
) may be understood
as mucus or blood coming from the nose and this represents
symptoms from multiple different diseases. The specific
aims for our Arabic Infectious Disease Ontology are:
• To describe the terms and relations necessary to detect
and analyse infectious disease.
• To bridge the gap between informal terms and scien-
tific terms related to infectious disease.
• To be released in a form that is freely available.
4. Ontology Engineering
The process of Ontology engineering includes many
phases. It starts with understanding the domain knowledge
to be represented by the Ontology. The presentation of do-
main knowledge is represented by a basic classification of
terminology in the domain and the relationships between
the terms.
4.1. Ontology Architecture
Our proposed architecture for the creation of our ontology
is based on a hybrid approach, which merges two tech-
niques, manual ontology development with ontology learn-
ing. Figure 1 represents the proposed system architecture
for the creation of an Arabic Infectious Disease Ontology.
4.2. Data Sources Selecting and Gathering
First, we defined a list of infectious diseases that typically
spread in Arab countries based on information from the
World Health Organization website1. We have developed a
web crawler that retrieves relevant documents from trusted
websites, that represent Governments, Organizations, or
Hospitals, on Arabic Infectious disease listed in Table 1 in
1https://www.who.int
Figure 1: The proposed system architecture of Arabic In-
fectious Disease Ontology
order to generate a high quality corpus. We have 115 docu-
ments that covered around 25 infectious disease.
4.3. Pre-processing
We used standard approaches for pre-processing the text,
applying the following processes using Python scripts2
in sequence: Tokenization, Normalization, Stopword re-
moval, POS Tagging, and Sentence Splitting in order to
develop a high quality ontology as described in (Asim et
al., 2018). The pre-processing steps are as follows:
Tokenization: Tokenization is the process of chunking the
text into words. This is a vital first step as we will be
working with domain terms.
Normalization: In normalisation, some Arabic letters are




@ ) are converted to ( @ ).
Removing Stopwords: Arabic stopwords were removed
since they are less useful for ontology creation. There
is also need to remove the non-Arabic words, special
characters, and numbers.
POS Tagging: Part of speech tagging is the process of
labeling corpus words with their corresponding part
of speech tags. We used the Stanford Arabic Part of
speech tagger in this step (Manning et al., 2014).
Sentence Splitting: To allow better extraction and link-
ing of terms, we used (.) to split the sentences in our
corpus.
4.4. Term Extraction
Terms are linguistic representations of domain-specific
concepts. The target here is to discover a set of signifi-
cant terms for concepts and relations (Cimiano, 2006). We
2https://github.com/alsudias
followed three statistical strategies for this step: TF-IDF,
C-value and YAKE.
4.4.1. TF-IDF
The well known formula Term Frequency-Inverse Docu-
ment Frequency (TF-IDF) is used to rank the candidate
terms according to their importance in the corpus (Al-
Thubaity et al., 2014). We apply unigrams, bigrams and tri-
grams and disregard terms that have a document frequency
lower than two. Python’s scikit-learn libraries 0.20.2 (Pe-
dregosa et al., 2011) are used to apply TF-IDF on the data
set.
4.4.2. Using C-value
C-value is a domain-independent method for automatic
term recognition that aims to improve the extraction of
nested multi-word terms (Frantzi et al., 2000). The algo-
rithm first tags the words with their POS tags by Stanford
Arabic Part of speech tagging (Manning et al., 2014). Then
it extracts the strings using the linguistic filter, which is
the type of terms extracted, and the stop words list. Then
sequences that fall below the frequency threshold are re-
moved. After that, we calculate C-value for each of the
candidate strings. Finally, a list of candidate terms is built
and ranked by their C-value.
4.4.3. Using YAKE
Yet Another Keyword Extractor (YAKE) is an Unsuper-
vised Approach for Automatic Keyword Extraction using
text features (Campos et al., 2019). YAKE has different
steps including: pre-processing the text as before, and iden-
tifying the candidate term, feature extraction, computing
term score, generating n-gram and computing candidate
keyword score, and deduplicating and ranking the data. The
ranking depends on the score for each term which is calcu-
lated from a defined set of features. These features are the
casing aspect of a word, word position, word frequency,
word relatedness to context, and the counts of word occur-
rences in different sentences. It is available online as an
open source Python package. It includes support to extract
keywords from Arabic language.
4.5. Finding Synonyms
Synonyms can be used to expand the terms that were not re-
trieved by web resources. We used Arabic WordNet (Black
et al., 2006) to find synonyms of the term that will be used.
For instance, the word (Ñë@ QÓ) , ointments in English, has
a synonym ( 	àA ëX) and the two terms need to be added to
ontology because they represent a treatment of Leishmania
disease.
4.6. Adding Informal Terms
In order to find the slang terms related to infectious
diseases, we consulted native speakers. This included
eliciting the informal term equivalents of the infectious
disease that may be used by the study participants when
they write about disease in social media. A questionnaire
was sent to five different types of people: academic, health
professional, students, non-educational people and others
as classified by Alsudias and Rayson (2019). Around
English Name Arabic Name Link
World Health Organization éJ
ÖÏ A ªË @ éjË@ éÒ 	¢	JÓ https://www.who.int
The Ministry of Health in Saudi Arabia éK













Table 1: Some Arabic Web Sources Related to Infectious Disease.
100 people responded to the questionnaire with three
informal names of each disease on average. For example,
the disease (½	J 	Ë@ ùÔg), Dengue fever in English, has six
informal names: ( éJ
m.
	' YË@), (I. »QË@ ñK.

@), ( l .
	'YË@), (½	KYË@),
(ÐA 	¢ªË@ Q
ºK ùÔg), and ( 	àY« ùÔg).
In future, we plan to extend our approach by consulting
these groups of people about the informal terms for the
symptoms and then update the ontology with these terms.
Words for symptoms are affected by the different dialects
of the Arabic language since they depend largely on feel-
ings and experiences. For instance, a person can discuss
coryza using different informal words such as (ÐA

¿ 	P), ( lP),
and (A ¢«).
4.7. Obtaining Concepts
In order to decide which terms to be considered as a con-
cept and included in the output ontology, we manually fil-
ter the terms that are meaningful. Table 2 shows the basic
concepts of the proposed ontology. The ontology focuses
on the infectious disease concept (ø
 YªÖÏ @
	QÖÏ @) due to the
fact that it represents a central node in the ontology.
4.8. Defining Relations
This step is currently a manual one which we will aim to
automate in future work. We defined appropriate relations
for the infectious disease domain. Some of these relations
are derived from the ontologies in (AlAgha and Abu-Taha,
2015) and (Schriml et al., 2011). The Other relations are
defined after studying the goals of the ontology. For in-




(K. èZñK. ñÓ) may help in finding the regions where the infec-
tious disease typically spread. Also, the relation synonym
(
	¬QªK , 	¬QªK
) is important to find all the slang names of
the infectious disease. Table 3 represents the relations with
Arabic examples and description of the relation.
4.9. Updating Relations
In order to expand our ontology with all terms and rela-
tions, we reviewed an English infectious disease ontology.
For this, we used (Schriml et al., 2011) as infectious dis-
ease ontology and translated the concepts and relations to
Arabic. Then, we updated our ontology with these compo-
nents.
5. Ontology Storage and Representation
We stored the ontology in the Web Ontology Language
(OWL) format in order to support sharing and reuse of this
valuable resource. We used the Protégé tool 3 version 5.5.0,
a free open-source software tool typically used for building
and maintaining ontologies. It supports many languages
including Arabic. Protégé has particular benefits over other
tools because it facilitates shareable access to structured
knowledge for domain specialists, software designers, and
knowledge engineers simultaneously (Kapoor and Sharma,
2010). Also, it is capable of supporting XML, RDF (S),
XML Schema and OWL formats (Musen and others, 2015).
The classes have been organised in a hierarchical taxon-
omy as in Figure 2. The properties in OWL can be di-
vided into Object property and Datatype property. As a
result, in this study there are 21 Object properties that have
been proposed in Table 3 and 11 Datatype properties that
have been proposed as illustrated in Figure 3. The Object
properties define the relations between classes in order to
give a sufficient vision of how the components of the on-
tology interact with each other. There is a need to take into
account the inverse characteristic for each property. For
instance, ‘cause’ and ‘caused-by’ are two properties that
work in opposite directions between the ‘infectious disease’
and ‘cause’ classes. In addition to the Object property, the
Datatype propertyhas been proposed to illustrate the type of
data for individuals. In our case, the range for all Datatype
property is a string.
Figure 4 shows a sub graph of the developed ontology with
classes and their relationships, and Figure 5 illustrates a
screen shot of the Measles disease ( éJ.mÌ'@) as an example.
6. Ontology Evaluation
Many techniques were used to evaluate ontologies. Here
we conducted performance of the term extraction technique
and a Domain Expert Evaluation approach.
6.1. Evaluating the Term Extraction Results
In order to evaluate the performance of the term extraction
techniques, the terms in the extracted ontology are man-
ually reviewed. Then, we compared the extracted terms
by the three strategies, TF-IDF, C -value and YAKE, to
the final concepts using the standard Precision, Recall,
3https://protege.stanford.edu/
Concept Concept (in Arabic) Description
Infectious disease ø
 YªÖÏ @
	QÖÏ @ Any disease that classified as infectious
disease.






ªË @ iÊ¢ÖÏ @ The informal or slang term of the infec-
tious disease.
Symptom 	Q« Any symptom of the infectious disease.
Cause I. J. Anything that cause the infectious disease.
Prevention
éK
A¯ð The ways of prevention of the infectiousdisease.
Infection ø ðY« The ways that the infectious disease can in-fection between people.
Organ ñ 	« The affected organ of the infectious dis-ease.
Treatment h. C« The methods taken to treat the infectiousdisease.
Diagnosis J
 	j  The ways that help to define the infectiousdisease.
Place of the disease
spread
	QÖÏ @ PA  	K @ 	àA¾Ó The place that the infectious disease may
spread.
Infected category
éK. AÖÏ @ éJ 	® Ë @ The most vulnerable category that may in-fected.
Table 2: Arabic Infectious Disease Ontology Concepts.
Figure 2: Arabic Infectious Disease Ontology Classes in
Hierarchy
and F-Measure metrics. Table 4 summarises the results
obtained by the system and Figure 6 visualizes the average
results of the term extraction performance.
We can see that the lowest performance was found in the C-
value method. This could result from the complexity of the
information of infectious disease in Arabic language and
the document size. The TF-IDF method achieved between
20.0% to 50.0% in their results due to the different types of
documents included. In the YAKE method, the overall per-
formance for the Precision is around 35.0% while the Re-
call is achieved up to 62.9% in Mumps documents. More-
over, the YAKE method supports multiword term extraction
which is important in Arabic since many terms in infectious
disease consisting of two or three words. For example, the
Figure 3: Arabic Infectious Disease Ontology Datatype
properties (as translated above).
word ( éÒjJÊÖÏ @ H. Aî DË @), which means conjunctivitis in En-
glish, is a multi word that describes one symptom of the
Zika virus disease.
6.2. Domain Expert Evaluation
We asked an expert in infectious diseases who is an
Arabic native speaker to evaluate our ontology in terms of
medical correctness. The evaluation included reviewing
the concepts and the relations between the diseases. In
other words, the expert needed to review every infectious
disease and terms related to it and the correct connection
between them. Also, we wished to check the accuracy of
our ontology in terms of the individual infectious diseases.
For example, is it correct that Malaria is infected by the
Transfusion.
Relation Relation (inArabic) Examples Links Description
From To
Is-a ñë ù
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@ Symptom class infectious dis-ease
Has-symptom 	Q« éË AîD 	@ Q«

@ 	áÓ, é 	@ Q«

@ 	áÓ infectious dis-ease Symptom class
Diagnoses  	j 
 J
 	j  Q£ the Diagnosis infectious dis-ease
Diagnoses-by K.  	j 
 J





 , I. 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 , I. 

 infectious dis-ease the organ
Infected-by K. H. A 
 K. H. A 
 , K. H. A 
 the organ infectious dis-ease
Treats l .Ì'A ªK









treatment class infectious dis-ease
Treated-by K. l .Ì'A ªK








Get-sick 	QÖÏAK. I. 

 	QÖÏAK. I. 





Get-sick-by 	QÖÏAK. H. A 
 	QÖÏAK. H. A 
 , 	QÖÏAK. H. A 
 Infected category infectious dis-ease
Table 3: Arabic infectious disease Ontology relations.
In addition, we calculated the precision of the system af-
ter computing the average number of correct terms which
was 88.4%. This result shows that our ontology has a high
correctness since the expert agreed on the applicability of
using it.
7. Conclusion and Further Work
In this paper, we have described a novel resource that
integrates the scientific vocabularies of infectious diseases
with their informal equivalents. The Arabic Infectious
Disease Ontology is written in the Arabic language, and is
the first ontology in Arabic specialising in the infectious
Figure 4: A sub graph of the developed ontology with classes and their relationships
Figure 5: A screen Shot for the Measles Disease individuals and relationships
disease domain. It contains 11 classes, 21 object proper-
ties, 11 datatype properties, and 215 individual concepts.
The ontology will be made freely available for academic
research 4.
The combination of Ontology learning strategies and
manual techniques have enhanced the accuracy of our
results. Our focus in this paper is to implement the Arabic
Infectious Disease Ontology to support the analysis of
the spread of infectious disease in any Arab Country.
Therefore, it is important that an extended list of terms
that are related to each infectious disease is used, since the
4https://doi.org/10.17635/lancaster/researchdata/350
combination of the informal names of the diseases with
the formal ones will help in expanding the retrieval of
information during data collection.
Our next immediate step is an application based evalua-
tion of the new Arabic Infectious Disease Ontology with
a study of the spread of specific infectious disease in Saudi
Arabia using social media data. We aspire to connect our
Ontology to an Upper Arabic ontology in order to expand
its knowledge and usage. Some other potential directions
for future work include expanding the Ontology to other
diseases in order to build an Arabic Ontology that covers
all kinds of diseases. In addition, we would like to explore
Disease Name TF-ID C-Value YAKE
Precision Recall F-Measure Precision Recall F-Measure Precision Recall F-Measure
AIDS 32.0% 23.3% 26.9% 18.0% 12.4% 14.7% 40.0% 28.5% 33.3%
Avian influenza 21.0% 16.9% 18.7% 12.5% 12.8% 12.7% 28.0% 32.0% 29.9%
Coronavirus 25.0% 28.0% 26.4% 15.0% 18.6% 16.6% 32.0% 39.2% 35.2%
Dengue fever 30.0% 28.1% 29.0% 13.7% 23.2% 17.3% 34.0% 29.3% 31.5%
Elephant disease 36.0% 27.2% 30.9% 09.0% 06.0% 07.7% 33.0% 23.9% 27.8%
German measles 30.0% 33.6% 31.7% 18.0% 21.5% 19.6% 36.0% 42.6% 39.0%
HPV infection 30.0% 29.7% 29.8% 16.3% 15.0% 15.6% 27.0% 26.4% 26.7%
Leishmania 32.0% 32.4% 32.2% 21.0% 20.8 % 20.9% 38.0% 40.2% 39.1%
Lice 22.0% 23.9% 22.9% 13.0% 15.2% 14.0% 25.0% 28.4% 26.6%
Malaria 40.0% 53.1% 45.6% 21.2% 35.9% 26.7% 38.0% 51.4% 43.7%
Marsa 28.0% 29.6% 28.8% 12.0% 15.7% 13.6% 32.0% 38.8% 35.1%
Maltese fever 32.0% 45.2% 37.5% 09.0% 09.7% 09.3% 37.0% 50.7% 42.8%
Measles 43.0% 41.5% 42.3% 29.0% 27.6% 28.3% 46.0% 42.3% 44.0%
Meningitis 35.0% 35.3% 35.1% 16.0% 15.5% 15.7% 40.0% 34.5% 37.0%
Mumps 31.0% 49.0% 37.9% 16.3% 25.4% 19.8% 39.0% 62.9% 48.2%
Nipah virus 26.0% 40.4% 31.6% 15.0% 31.3% 20.3% 26.0% 44.4% 32.8%
Plague 28.0% 33.5% 30.5% 16.0% 17.8% 16.8% 34.0% 37.2% 35.5%
Rabies 31.0% 32.8% 31.9% 23.0% 24.6% 23.8% 33.0% 34.7% 33.8%
Schistosomiasis 22.0% 32.3% 26.2% 06.0% 08.4% 06.9% 33.0% 50.3% 39.9%
Seasonal flu 50.0% 52.6% 51.3% 11.7% 13.1% 12.3% 43.0% 47.4% 45.1%
Tuberculosis 34.0% 36.5% 35.2% 15.0% 13.9% 14.4% 32.0% 30.3% 31.1%
Yellow fever 25.0% 24.9% 24.9% 11.2% 14.1% 12.5% 34.0% 34.3% 34.2%
Zika virus 27.0% 23.3% 25.0% 20.0% 16.3% 17.9% 34.0% 28.7% 31.1%
Table 4: Term Extraction Performance.
Figure 6: Average of Term Extraction Performance of Infectious disease
cross-lingual research by connecting the Arabic ontology to
existing English ones. Finally, there is need to enhance the
methods of Arabic Ontology learning of extracting terms
and relations.
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